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- E{&4miA (Image-to-text Captioning)
- M3x[al (Visual Question Answering)
- B THASEG (Text-to-image Synthesis)
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Loud and clear E*lj—‘; ‘ EEUiﬁL*%}EzEUA%7KqZI

Speech-recognition word-error rate, selected benchmarks, %

Log scale

100
O

OSwitchbDard — Switchboard cellular

O

O~ o Meeting speech

Brosapdeceacsﬁ o—o© IBM, Switchboard

10

The Switchboard corpus is a collection of recorded

telephone conversations widely used to train and Microsoft 2017. Switchboard
test speech-recognition systems
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The universal translator on
“Star Trek” comes true...

Scientists See Promise in Deep-Learning
Programs (John Markoff November 23, 2012)

Rick Rashid in Tianjin, China, October, 25, 2012

A voice recognition program translated a speech given by Richard F. Rashid,

Microsoft’s top scientist, into Chinese.
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Hierarchical Attention Net (HAN)
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[ Yang, Yang, Dyer, He, Smola, Hovy, “HAN”, NAACL2016]
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MBS FHENHENFRERSENE N T ELSBEHEER .. #F. D=,

[RIE5 R 1B X =S[E] n
THSRENE &AL @l T @ e
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BN _ERYARZZ M (invariance) S
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]
1B X ABERIEIR “NBFELE L R E=T— 1 CHIEE X .
["'DSSM”, Huang, He, Gao, Deng, Acero, Heck, CIKM2013]



tN IR A% (MRC)
NEBITERS, ESE

YE: EJBHINA (CNN) -iEiRE, A8
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I IR BAERTRI EZ E R FH A
W, 2HNLERRE, ZBERERIEZSER AR
fiirAYRInca® _EAIMantaolant &L, —[EIRY
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EATI—BmEAEES EES TR NS L,
MXBEXAREZERRFED, KIENZ
EER 7], XANERER TR
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SQUADL

The Stanford Question Answering Dataset

Model EM F1

Human Performance 82.304 91.221
Stanford University
(Rajpurkar et al. '16)

1 BERT (ensemble)
Google Al Language

https://arxiv.org/abs/1810.04805

2 BERT (single model)

Oct 05,2018 Google Al Language

https://arxiv.org/abs/1810.04805

2 ninet (ensemble)
Microsoft Research Asia
2 ninet (ensemble)
Microsoft Research Asia
3 QANet (ensemble)

Google Brain & CMU
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EE-ARSIESES P

. BSEISIAAR (image-to-text / image captioning)
. EREGNNE, ERERESREAEENS

M- AN[[)%  (visual question answering)
BT XEGRAIRREEE XA A AR -

N AZIERER, (text-to-image synthesis)
- HF N AR IRRL A BB R AV B

EE-MESH, MEME, BESERRE ..




BE-MRSRS: SAWERA S

A1k
+ NWRBIIESSERESRIRIUENHEIE. HEREESE
BSSIBITT I 4RRET B — MESR R B 2,

« BIRSEUMSSENIE S
- EEEMETERESZMESER. FERETEESITE
RSB SIESFIBRSRIEAE (multimodal pooling) , KiEidiF+
BRESE IESHEGRGIIE B MESEDIE (grounding)

- BETFZESESARELL |
ETREES R BRI EE. tEalEiEcross-»
entropy, BLEU; Reinforcement learning, GAN
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A group of people
shopping at an
outdoor market.

There are many
vegetables at the
fruit stand.

Cascade Paradigm:

1.detect words (f@ilISKEEAR. IR
2.generate sentences (&ERRIEEF)
3.Semantic re-rank sentences ((RIENFAIHEF)

[Fang, Gupta, landola, Srivastava, Deng, Dollar, Gao, He, et al., “From

Captions to Visual Concepts and Back,” CVPR2015]

- AR

End-to-End Paradigm:
1. Encode image to vector representations

(FIEEFIE)

. .
2. generate sentences (4EAF)

[Vinyals, Toshev, Bengio, Erhan, “Show and Tell: A Neural
Image Caption Generator,” CVPR2015]

woman, crowd, cat,
camera, holding, purple

A purple camera with
Awoman holding in a crowd.

A woman holding a cat.

#1 A woman holding a
camera in a crowd.




B ZIRZIEN =6

BILREEENRE! (DSSM) 1BEIR
FIM ISR RGE X = ERARE

AR TENABEITE, 5 comsone
PLECEGNBRIN FERIA

Rt —(/B 1 F 2B L

—a—
Convolution/pooling
e

i >\|:, Raw Image pixels ’I .
ST [Fang, Gupta, landola, Srivastava, Deng, Dollar,

- Gao, He, et al., “From Captions to Visual Concepts
and Back,” CVPR2015]
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[Fang, Gupta, landola, Srivastava, Deng, Dollar, Gao, He,
et al., “From Captions to Visual Concepts and Back,” CVPR2015]
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Zl iRt A [http://captionbot.ai] * I
.

af

o

®

“A colorful bird perched on “Jen-Hsun Huang, Xiaodong He, Jian fr':,,lfzfabg,}-; tSI;:It.;‘}/gc ; ,I1(e
a tree branch. Sun et al., that are posing fora ~ * g
oA v picture.” and he seems happy.
—REFRINSERE an b Weas hapey e

nsay,

BRI ARENGSARES. 5 mowe
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CaptionBot: A man on a rocky hillside
next to a stone wall.

Romantic: A man uses rock climbing
to overcome the obstacle in the life.

Humorous: A man is climbing the rock
like a lizard.

CaptionBot: A dog runs in the grass.

Romantic: A dog runs through the
grass to meet his lover.

Humorous: A dog runs through the
grass in search of the missing bones.

AT

Input

image Factored

Factual . :
caption Aman jumps into water.

Romantic
sentences A couple are celebrating their love.

A boy stands on the tree like a mankey. Factored

XS R 2 i Y

[Gan, Gan, He, Gao, Deng, CVPR2017]
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FaEFRTIESEE, BFRERE A

B FZIBETA? .

[ Yang, He, Gao, Deng, Smola, CVPR2016]



MBS S SR s

SANSs perform multi-step reasoning
Question model

Image model

Multi-level attention model
Answer predictor

1 RO

End-to-end learning using SGD {in the basket or
~~a bicycle?

[Stacked Attention Networks, Yang, He, Gao,
Deng, Smola, CVPR 2016]




RV S RAIE

Spatial feature vectors of
different regions of the image

Vg

spatial image
feature vectors

{vi}

‘ 196 vectors (14 x14)
14

448 feature map

512

Figure 2: CNN based image model

f1 =CNN,,,(I). vy = tanh(Wyfr +by)
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What are sitting
in the basket on ™|
a bicycle?

ALSTM cell

!

We We

Question: what bicycle




IBIRSRIEFE S SENiE(pooling & grounding)
AT

spatial image Lty _ ,
feature vectors Attention Q

Answer:
— dogs

XeWwuosg

P14 Multimodal
Pooling (level 1)

attention map

) ’ : {ri} Slias
“ @ > H >
To the next
attention level
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PSRRI S SEMIE

Answer:

spatial image | ‘A .
Attention —> dogs

feature vectors

XeWwyos

pr - Prs Multimodal

attention map Pooling (level 2)

{ri}

P1s83 D196

9171(2) = ) piv; 4@ = 171(2) Ly

»
» »

To the answer
predictor

Query vector from the
1st level attention




Bottom-Up and Top-Down Attention | A4#

N I A /N\EZES
ERIREEH— TS .
In human visual system, there are two kinds of attentions:
Top-down attention:
proactively initiated by the current task (e.g., look for something)

Bottom-up attention:
spontaneously emerge from visual salient stimuli

Bottom-Up and Top-Down Attention for Image Captioning
and Visual Question Answering

Peter Anderson'’ Xiaodong He?, Chris Buehler?, Damien Teney?
Mark Johnson*, Stephen Gould', Lei Zhang’
! Australian National University ?Microsoft Research
3University of Adelaide “Macquarie University




Bottom-Up attention mechanism (new) | A%

Bottom-Up attention:

« Use F-RCNN to detect
key objects

« Compute spatial feature
vector for each object

« Keep complete visual
information for each
object

Attend on actual objects, rather than on
uniform grid regions like conventional top-down
attention a



Combine Bottom-Up & Top-Down Attention| A4#

Adopt similar terminology to humans’ attention
system: i f 5 1) o .
* attention mechanisms driven by non visual or AP R 47
task-specific context as ‘top-down’
 purely visual feed-forward attention
mechanisms as ‘bottom-up’.
g
00)

Overall Attention Net for VQA:

responding to a uniform grid of equally-sized image regions (left).
Our approach enables attention to be calculated at the level of ob-
jects and other salient image regions (right).

Question By (Word embedding [— oL \

@@ L.

attention weights

kx2048
Image [eatures =

Top-down features: from CNN . . .
Concatenation Weighted sum over  Element-wise
Bottom-up features: from F-RCNN image locations product

oY@
2048 /‘ Predicted scores of

candidate answers



Attention Example ’

Question: What room are they in? Answer: kitchen

Figure 6. VQA example illustrating attention output. Given the

question ‘What room are they in?’, the model focuses on the stove-
top, generating the answer ‘kitchen’.
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Statistical Significance
Dﬂ‘V : oft Resenuh}

soft Research)
ersity of Adelaide)

adelaide-T®

pamien Teney

xiaodong He (Micro:

Anton van den Hengel (UniV!

Challenge Accuracy: 69.00

From Goyal, et al., VQA

workshop 2017
[1] Botto—
Up and Top-Down Attention for Image

)

Because of B
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Attention P
[2] Tips and Tri
) ricks for Vis ;
Learnings from the 2017 gﬁla(lfgrfsnon frowering
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MBS SIRSS AR

s Aonm= ve) 1= a0 Instruction Local |

:E:. El_-lg %E%%CFZEZE% ﬁ'ﬁg}.{f Turn right and head visual ! i

4, E[Q\L*EI =] ﬁb{tf@ﬁb*& towards the kitchen. Ri'Pans
TE’%\ }\A—/Pi‘mﬁfégu jlzlj_/|\ Then turn left, pass a ‘

i‘lij,fj_ table and enter the

hallway. Walk down [ (= " S trajectories
the hallway and turn g - ‘ S in top-down
into the entry way to %

your right without

doors. Stop in front

of the foilet.

/\ Initial Position

Target Position

Demonstration Path A

Executed Path B
[Anderson et al., CVPR2018; - A

Wang et al., CVPR 2019]




This flower has small, round violet this small bird has a plnk
petals with a dark purple center breaSt and Ccrown and blaCk
’

primaries and secondaries.

This flower has small, round violet
petals with a dark purple center

U
1 [
z ~ N0, 1)@:::

Generator Network Discriminator Network

Figure 2. Our text-conditional convolutional GAN architecture. Text encoding ¢(t) is used by both generator and discriminator. It is
projected to a lower-dimensions and depth concatenated with image feature maps for further stages of convolutional processing.

Obijective function:

111&11 nax V(D,G) = Egpyo(@llog D(x)]| + E, . 2y log(1 — D(G(2)))]:

[Reed et al., Generative adversarial text-to-image synthesis, ICML, 2016]



i i - T
Residual FC with reshape Upsamplin - . - . . loinin Conv3x3
I I " I e Deep Attentional Multimodal Similarity Model (DAMSM) I *
I TS T TSttt .
word | Attentional Generative Network . Local image
| I
iiaiirii | Attention models i Iiaiirii
pr— i
| v v I
attn F Sattn F. 1
Z*N(O,)) | 5 I‘PI ; rFE ’ ! : T
sentence | | | | ;
Text feature :: I ho > hs > _hz._G I Image
ol—s[Felc, I . ¥ Encoder
Encoder 1 ! i
< | I | 256x256x3
' I
|
: Gy GJ' :

this bird is red with 64x64x3

128x128x3

The final objective function: L = Lgan + ALpamsm

white and has a
very short beak

F 3

ano ano ang. Ga ang, He, "A A PR20108
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[ Xu, Zhang, Huang, Zhang, Gan, Huang, He, “AttnGAN,” CVPR2018]



this bird has a
green crown

. black primaries
and a white
belly

this bird has
wings that are
blue and has a
red belly

this bird has a
yellow crown
and a black
eyering that is
round

a small red and
white bird with
a small curved

beak
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[Reed et al., Generative adversarial [Xu et al., AttnGAN: Fine-grained text to

text-to-image synthesis, ICML, 2016] image generation with Attentional GANs,
CVPR 2018]

[Brock et al., BigGAN: A New State
of the Art in Image Synthesis, ICLR
2019]
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Guo*, Yan Dai*, Meng Chen*, Zhijie Qiuf, Xiaodong He?
n & Research, ng, China
emy of Fine Arts, Beijing, China

{liuruixue, guoxiaoyu5,daiyans,chenmeng20,xiaodong. he com, {chenbaoyang, qiuzhijie}@ cafa.edu.cn

{ioRscHT

B4

Imagination is one of the most
important factors which makes an
artistic painting unique and
impressive. we propose a hovel
approach to inject rich imagination
into a special painting art Mind Map
creation, and finally apply Dadaism
and impossibility of improvisation
principles into painting process...

[Liu, et al., 2019]
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Universal Chatbot, Digital Assista%t, Mixed Reality, ...

Image-to-language

Visual QA/Dialog

Language-to-image

ball (1.00)
a baseball plz

g l' -
& R;‘\‘\, ,

Q: what are sitting in the
basket on a bicycle?
A: dogs.

This bird is red with white
and has a very short beak
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